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Stereotype and most-popular recommendations are widely neglected in the 
research-paper recommender-system and digital-library community. In other 
domains such as movie recommendations and hotel search, however, these 
recommendation approaches have proven their effectiveness. We were inter-
ested to find out how stereotype and most-popular recommendations would 
perform in the scenario of a digital library. Therefore, we implemented  
the two approaches in the recommender system of GESIS’ digital library 
Sowiport, in cooperation with the recommendations-as-a-service provider 
Mr. DLib. We measured the effectiveness of most-popular and stereotype 
recommendations with click-through rate (CTR) based on 28 million deliv-
ered recommendations. Most-popular recommendations achieved a CTR of 
0.11%, and stereotype recommendations achieved a CTR of 0.124%. Com-
pared to a “random recommendations” baseline (CTR 0.12%), and a content-
based filtering baseline (CTR 0.145%), the results are discouraging. How-
ever, for reasons explained in the paper, we concluded that more research is 
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necessary about the effectiveness of stereotype and most-popular recommen-
dations in digital libraries. 
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1 Introduction  
Recommender systems for research papers typically apply content-based  
filtering, item-based collaborative filtering, co-occurrence calculations or 
graph-based recommendations (Beel et al., 2015a). Two less common rec-
ommendation classes are stereotyping and most-popular recommendations. 
Stereotyping is one of the earliest user modeling and recommendation 
classes. In a stereotype recommender system, some generalizing assumptions 
are made about users (e.g. males like cars and females like perfume), and 
then items are recommended that presumably are interesting for those stereo-
type users. A most-popular recommender system adopts a one-fits-all ap-
proach and recommends items that have the highest popularity. For instance, 
a news website could recommend those news articles that were most often 
read or that had the highest average rating over all users (Lommatzsch et al.,  
2016). The basic assumption behind such a recommender system is that users 
will like what most other users read, download, like, etc.  
Both stereotype and most-popular recommendations received little atten-
tion in the community of research-paper recommender systems, although the 
two recommendation classes proved effective in other domains (Kay, 2000; 
Kobsa, 1993; Kobsa, 2001; Lamche et al., 2014; Mattioli, 2012; Rich, 1979). 
Our research goal is to explore the effectiveness of stereotype and most-
popular recommendations in digital libraries, more specifically in GESIS’ 
digital library Sowiport 1. The research question we attempt to answer is: 
How effective are “Stereotype” and “Most-Popular” recommendations 




                                                 
1 http://sowiport.gesis.org  
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2 Related work2 
2.1 Stereotype recommendations 
Stereotype recommendations were introduced by Rich in the book-recom-
mender system Grundy (Rich, 1979). Rich was inspired by stereotypes from 
psychology where stereotypes allowed psychologists to quickly judge people 
based on a few characteristics. For instance, Rich assumed that male users 
have “a fairly high tolerance for violence and suffering, as well as a prefer-
ence for thrill, suspense, fast plots, and a negative interest in romance”. Con-
sequently, Grundy’s stereotype recommendation approach recommended 
action books and thrillers to male users.  
One major problem with stereotypes is that they may pigeonhole users. 
While many men have a negative interest in romance, certainly not all do. In 
addition, building stereotypes is often labor intensive, as the items typically 
need to be manually classified for each stereotype. This limits the number of 
e.g. books that could be recommended (Barla, 2011).  
Advocates of stereotypes argue that once the stereotypes are created, the 
recommender system needs little computing power and may perform quite 
well in practice. For instance, Weber and Castillo (2010) observed that fe-
male users were usually searching for the composer Richard Wagner when 
they entered the search query ‘Wagner’ on Yahoo!. In contrast, male users 
entering the same query usually were looking for the Wagner paint sprayer. 
Weber & Castillo modified Yahoo!’s search algorithm to show the Wikipedia 
page for Richard Wagner to female users, and the homepage of the Wagner 
paint sprayer company to male users searching for ‘Wagner’. As a result, 
user satisfaction increased. Similarly, the travel agency Orbitz observed that 
Macintosh users were “40% more likely to book a four- or five-star hotel 
than PC users” and when booking the same hotel, Macintosh users booked 
the more expensive rooms (Mattioli, 2012). Consequently, Orbitz assigned 
its website visitors to either the “Mac User” or “PC user” stereotype, and 
Mac users received recommendations for pricier hotels than PC users. All 
parties benefited – users received more relevant search results, and Orbitz 
received higher commissions. 
                                                 
2 Some explanations of stereotype and most-popular recommendations are from Beel 
et al. (2015). 
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In the domain of research-paper recommender systems, stereotype rec-
ommendations have only been applied in the recommender system of the ref-
erence manager Docear (Beel et al., 2014; Beel et al., 2015b). The develop-
ers of the recommender system manually created a list of books and research 
articles relating to academic writing, and these documents were then recom-
mended to the users of Docear. The authors report a mediocre effectiveness 
of the stereotype approach with an average click-through rate of 3.08%. In 
contrast, a standard content-based filtering approach achieved click-through 
rates slightly below 4%, and a novel content-based filtering approach, tai-
lored to the users of Docear, achieved click-through rates around 7% (for 
more details about click-through rate as evaluation metric, please refer to 
Beel and Langer (2015) and the methodology section of the current paper).  
We see a need for further research on stereotype recommendations in the 
domain of digital libraries. The Docear team recommended only documents 
about one topic, i.e. academic writing, and the recommendations were only 
tested in Docear. However, recommendation approaches may perform very 
differently in different scenarios (Beel et al., 2016; Beel et al., 2013). There-
fore, we see the need to conduct the research in a different scenario than Do-
cear, and with additional topics than academic writing.  
 
2.2 Most-popular recommendations 
In the domain of research-paper recommender systems, several recommender 
systems use popularity as an additional ranking factor (Bethard & Jurafsky, 
2010; He et al. 2010; Ren, 2016; Totti et al., 2016; Zarrinkalam & Kahani, 
2013). These systems first determine a list of recommendation candidates, for 
instance, with content-based filtering. Then, the recommendation candidates 
are re-ranked based on document popularity. For instance, out of the 20 rec-
ommendation candidates that are calculated with content-based filtering, the 
ten most cited papers might be recommended. Common metrics to calculate 
popularity are PageRank (Bethard & Jurafsky, 2010), HITS (He et al., 2010), 
Katz (ibid.), citation counts (Bethard & Jurafsky, 2010; He et al., 2010; Ro-
kach et al., 2013), venues’ citation counts (Bethard & Jurafsky, 2010; Ro-
kach et al., 2013), citation counts of the authors’ affiliations (Rokach et al., 
2013), authors’ citation count (Bethard & Jurafsky, 2010; Rokach et al., 
2013), h-index (Bethard & Jurafsky, 2010), and recency of articles (ibid.).  
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To the best of our knowledge, there is no research on how effective it is to 
recommend items in a digital library only based on the items’ popularity (e.g. 





For our research we used the digital library Sowiport (Hienert, Sawitzki & 
Mayr, 2015). Sowiport is operated by ‘GESIS – Leibniz-Institute for the So-
cial Sciences’, which is the largest infrastructure institution for the Social 
Sciences in Germany. Sowiport contains about 9.6 million literature refer-
ences and 50,000 research projects from 18 different databases, mostly relat-
ing to the social and political sciences. Literature references usually cover 
keywords, classifications, author(s) and journal or conference information 
and if available: citations, references and links to full texts. On a weekly 
base, Sowiport reaches around 22,000 unique users. These users spend on 




Fig. 1  The recommendation process of Sowiport and Mr. DLib 
 
Sowiport co-operates with Mr. DLib3, an open Web Service to provide 
scholarly literature-recommendations-as-a-service (fig. 1). This means that 
                                                 
3 http://mr-dlib.org  
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all computations relating to the recommendations run on Mr. DLib’s servers, 
while the presentation takes place on Sowiport’s website.  
Our recommender system shows related-article recommendations on each 
article’s detail page in Sowiport (fig. 2). Whenever such a detail page is  
requested by a user, the recommender system randomly chooses one of four 
recommendation approaches to generate recommendations:4 1. stereotype 
recommendations, 2. most popular recommendations, 3. content-based filter-
ing (CBF), and 4. “random” recommendations, whereas CBF and random 
recommendations served as baselines. For content-based filtering recommen-
dations, we used Lucene’s “More Like This” function, a recommendation 
approach that is used by many research-paper recommender systems (Beel et 
al., 2015a). When the random approach is chosen, the recommender system 
randomly picks some documents out of the 9.6 million documents in the rec-




Fig. 2   
Screenshot of Sowiport’s website with recommendations in the left part of the page 
 
                                                 
4 The approaches are chosen with different probabilities. For instance, random-recom-
mendations were only chosen with a probability of 4% because we needed these kinds 
of recommendations only as baseline. 
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To create stereotype recommendations, we assumed that a major part of 
Sowiport users – who are mostly students and researchers – are interested in 
the topics “academic writing”, “research methods”, and “peer review & re-
search evaluation”. We used Sowiport’s search function to find 16 docu-
ments that we considered to be relevant for the three research topics, and the-
se documents were then recommended to the users of Sowiport. Figure 3 
shows more details about the 16 documents.  
 
Sowiport ID Title Year Language
dzi-solit-000215431 Erfolgreiches wissenschaftliches Schreiben 2015 de
dzi-solit-0129221 Kreatives wissenschaftliches Schreiben: Tipps und Tricks gegen Schreibblockaden 2001 de
fis-bildung-1018973 Writing for peer reviewed journals 2013 en
fis-bildung-1068313 Kreatives Schreiben von Diplom- und Doktorarbeiten 1998 de
fis-bildung-1071788 Kreatives wissenschaftliches Schreiben 2001 de
fis-bildung-621436 Geniale Notizen 2002 de
gesis-bib-126169
Erfolgreiches wissenschaftliches Arbeiten: Seminararbeit, Bachelor-/Masterarbeit 
(Diplomarbeit), Doktorarbeit
2008 de
csa-sa-201609258 Wissenschaftliches Publizieren: Peer Review 2014 de
gesis-ssoar-2362 Exzellenz und Evaluationsstandards im internationalen Vergleich 2007 de
gesis-ssoar-2530 Einleitung: Wie viel (In-)Transparenz ist notwendig? Peer Review Revisited 2006 de
gesis-ssoar-733 Peer Review in der DFG: die Fachkollegiaten 2007 de
fis-bildung-949616 Empirische Forschungsmethoden 2010 de
gesis-solis-00569924 Einführung in die Wissenschaftstheorie 2014 de
gesis-solis-00598617
Forschungsmethoden und Statistik: ein Lehrbuch für Psychologen und 
Sozialwissenschaftler
2013 de
gesis-solis-00606948 Forschungsmethoden 2013 de








































Fig. 3  Details on the 16 documents that we selected as stereotype recommendations 
 
Sowiport ID Title Year Language
fis-bildung-999945 Guter Chemieunterricht 2013 de
gesis-solis-00560882
Die Gesellschaft und ihre Gesundheit: 20 Jahre Public Health in 
Deutschland ; Bilanz und Ausblick einer Wissenschaft
2011 de
gesis-solis-00551750
Thrillslider: Rutschen, Rausch und Rituale auf Spielplätzen, 
Festplätzen und in Aqua-Parks
2010 de
gesis-solis-00526599
Weiterbildungsbeteiligung von Menschen mit Migrationshintergrund in 
Deutschland
2009 de
fis-bildung-840181 Kommt der Herbst mit bunter Pracht 2008 de
gesis-solis-00605639








Fokusgruppen in der empirischen Sozialwissenschaft: von der 
Konzeption bis zur Auswertung
2012 de
gesis-solis-00563254 Handbuch zur Verwaltungsreform 2011 de
gesis-solis-00568965























Fig. 4  Details on the most viewed and exported documents (excerpt) 
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For the most-popular recommendations we used two metrics to measure 
popularity. First, “views”, which measure how often a document’s detail-
page was accessed by a visitor on Sowiport’s website. Second, “exports”, 
which measure how often documents’ metadata was exported on Sowiport’s 
website as e.g. BibTeX, EndNote, or email. For both metrics, we identified 
the 50 most popular documents for the month August, and recommended 
these documents to the users of Sowiport. Figure 4 shows some of the 2 × 50 
documents, a complete list is available from us upon request.  
We measured the effectiveness of the recommendation approaches with 
click-through rate (CTR). CTR describes the ratio of delivered to clicked 
recommendations. For instance, when 10,000 recommendations based on 
CBF were delivered, and 50 of these recommendations were clicked, the av-
erage CTR of CBF would be 50 ÷ 10,000 = 0.5%. The assumption is that the 
higher the CTR, the more effective is the recommendation approach. There is 
some discussion to what extend CTR is appropriate for measuring recom-
mendation effectiveness, but overall it has been demonstrated to be a mean-
ingful and well-suited metric (Beel & Langer, 2015; Joachims et al., 2005; 
Schwarzer et al., 2016).  













Displayed  28,214,883    24,335,531    1,187,845    1,060,647    2,248,492    149,235    147,034   84,938   381,207   1,249,653   









Between 17 October 2016 and 28 December 2016, Mr. DLib’s recom-
mender system delivered 28,214,883 recommendations to Sowiport.5 When-
ever comparing results of different algorithms, we report the significance 
level p, which is calculated with a two-tailed t-test. All data relating to this 
paper is available on Harvard’s Dataverse,6 including a list of the delivered 
and clicked recommendations as CSV file, the R script to analyze the data, 
                                                 
5 Whenever an article’s detail page was shown to a user, Mr. DLib returned between  
1 and 15 related-article recommendations. Numbers include recommendations deliv-
ered to bots which crawled the Sowiport website. Clicks were recorded via JavaScript. 
Hence, click-through rates overall are rather low. Numbers include only recommenda-
tions which required 3 or fewer seconds to calculate because in the other cases we 
could not be sure that the recommendations were actually displayed to a user. 
6 https://dataverse.harvard.edu/dataverse/Mr_DLib  
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and the figures and tables presented in this paper as PNG and CSV files (Beel 





Figure 5 shows the click-through rates for the four recommendation  
approaches. Content-based filtering performed best with an average CTR  
of 0.145%, compared to a CTR of 0.12% for random recommendations 
(p = 0.03). Stereotype recommendations performed second best with a CTR 
of 0.124% on average, which is an improvement compared to random-recom-
mendations, however, with low significance (p = 0.47). Most-popular rec-
ommendations were even slightly less effective (CTR = 0.11%) than random 








Fig. 6  CTR for the most-popular recommendation categories 
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For the most-popular recommendations it made no difference whether we 
used exports or views to determine the most popular recommendations (cf. 
fig. 6). CTR was 0.104% and 0.116% respectively, i.e. both CTRs are below 
CTR of random recommendations.  
Looking at stereotype recommendations in detail reveals that CTR for the 
different categories varied (fig. 7). Recommendations for scholarly literature 
about academic writing achieved the lowest CTR (0.117%) among the 
stereotype recommendations. Recommendations about peer review and re-
search evaluation achieved CTRs of 0.126%, and recommendations for lit-
erature about research methods achieved performed best with a CTR of 









5 Conclusion and outlook 
Overall, the results are somewhat disappointing. Stereotype recommenda-
tions were about as (in)effective as random recommendations with both hav-
ing a CTR of 0.124% and 0.12% respectively. This result contradicts previ-
ous research about stereotype recommendations from the Docear researchers. 
Most-popular recommendations were even statistical significantly less effec-
tive (CTR = 0.11%) than random recommendations.  
Based on the current results, it seems not sensible to apply stereotype and 
most-popular recommendations, at least not on Sowiport. However, to reach 
a final conclusion we consider more research to be necessary. Among others, 
additional evaluation metrics might be sensible. In addition, a better detection 
of web spiders crawling the Sowiport website (and hence requesting recom-
mendations), would lead to more reliable data. It might also make sense to 
experiment with other popularity metrics than views and exports and longer 
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or shorter periods of time to define a popular item. One interesting metric 
might be “libcitations” (White et al., 2009). Libcitations count a libraries’ 
stock of a given book and give an indicator of its popularity in that library. In 
addition, the effectiveness of most-popular recommendations could be re-
searched in other scenarios, for instance in smaller libraries with a more ho-
mogenous user base.  
Further research about stereotype recommendations could focus on identi-
fying, which type of items (e.g. research articles, reviews, blog posts, news, 
software tools, or research projects) and which kind of topics researchers are 
most interested in. It could also be interesting to build more tailored stereo-
types. Currently, we only had one ‘class’ of stereotypes, i.e. we assumed that 
all Sowiport visitors had the same interests in academic writing etc. If the 
recommender system knew, for instance, a visitor’s academic status (e.g. pro-
fessor, post-doc, PhD student) or research discipline, the stereotype recom-
mendations could be tailored better to the different user groups’ needs. 
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